Abstract-The Joint Research Centre of the European Commission (JRC), in partnership with 30 institutions, has produced a global land cover map for the year 2000, the GLC 2000 map. The validation of the GLC2000 product has now been completed. The accuracy assessment relied on two methods: a confidence-building method (quality control based on a comparison with ancillary data) and a quantitative accuracy assessment based on a stratified random sampling of reference data. The sample site stratification used an underlying grid of Landsat data and was based on the proportion of priority land cover classes and on the landscape complexity. A total of 1265 sample sites have been interpreted. The first results indicate an overall accuracy of 68.6%. The GLC2000 validation exercise has provided important experiences. The design-based inference conforms to the CEOS Cal-Val recommendations and has proven to be successful. Both the GLC2000 legend development and reference data interpretations used the FAO Land Cover Classification System (LCCS). Problems in the validation process were identified for areas with heterogeneous land cover. This issue appears in both in the GLC2000 (neighborhood pixel variations) and in the reference data (cartographic and thematic mixed units). Another interesting outcome of the GLC2000 validation is the accuracy reporting. Error statistics are provided from both the producer and user perspective and incorporates measures of thematic similarity between land cover classes derived from LCCS.
Validation of the Global Land Cover 2000 Map
Philippe Mayaux, Hugh Eva, Javier Gallego, Alan H. Strahler, Member, IEEE, Martin Herold, Student Member, IEEE, Shefali Agrawal, Sergey Naumov, Evaristo Eduardo De Miranda, Carlos M. Di Bella, Callan Ordoyne, Yuri Kopin, and P. S. Roy refinement of the previous global maps (respectively MODIS Land Cover and Global Land Cover 2000 or GLC 2000) due to the greater stability of the platforms and spectral characteristics of the sensors. Future global land-cover maps are now planned from medium resolution sensors, such as MERIS. These maps are extensively used in Global Change research for model parameterization or regional stratification, by the biodiversity community for identifying areas suitable for conservation management and to support the work of other groups such as Non-Governmental Organizations (NGO) and development assistance programs. As this wide-ranging user community has gained experience with global land cover datasets, the map producing community is receiving requests for new products; products offering increased spatial and thematic detail and products bringing the global land-cover data base more up-to-date.
The multiplicity of existing products and of potential users clearly poses the question of the adequacy of a particular map for a specific use. Many people use land-cover data in their applications without concern for their accuracy, even though this check could improve the quality of the final results. The choice of a map should be dictated for a particular application according to the focus in the legend, to the differences in the regional accuracy or to the spatial pattern. For example, the IGBP DISCover and the MODIS Land Cover products were primarily designed for carbon cycle studies and climate modeling at the global scale, while the global map GLC2000 is derived from regional products adapted to the local context and has for its main customer the Millennium Ecosystem Assessment.
This paper aims at presenting the strategy developed for validating the GLC2000 regional products and the global synthesis. Final results of this validation will be detailed in a further article.
II. GLOBAL LAND COVER 2000 PRODUCT
The general objective of the European Commission's "Global Land Cover 2000" is to provide for the year 2000 a harmonized land cover database over the whole globe. To achieve this objective GLC 2000 makes use of the VEGA 2000 dataset: a dataset of 14 months of preprocessed daily global data acquired by the VEGETATION instrument on board SPOT 4, made available through a sponsorship from members of the VEGETATION program.
The GLC2000 land cover database has been chosen as a core dataset for the Millennium Ecosystems Assessment. This means in particular that the GLC2000 dataset is a main input dataset to define the boundaries between ecosystems such as forest, wetlands, and cultivated systems, which were defined by the MA secretariat as priority classes (http://www-gvm.jrc.it/glc2000/ defaultGLC2000.htm).
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The project was based on a partnership of some 30 institutions from around the World. Teams of regional experts mapped each continent independently. Each regional team participating in the project had experience of mapping their area through the use of data from Earth Observing satellites. This ensures that optimum image classification methods were used, that the land cover legend was regionally appropriate and that access could be gained to reference material. This bottom-up approach is novel for mapping land-cover at a global scale, compared to the previous IGBP DISCover and MODIS Land Cover which are based on a top-down approach: one method applied to the same dataset over the globe.
The GLC2000 philosophy dictates that these regionally detailed classes also be aggregated into a thematically simpler global legend, so that African or Eurasian classes may be put into the full global context and to provide traceability to earlier map legends, especially that of [1] . To achieve this, the regional classes have been described through the Land Cover Classification System (LCCS). LCCS was developed by the FAO to analyze and cross-reference regional differences in land cover descriptions [4] . LCCS describes land cover according to a hierarchical series of classifiers in a dichotomous phase (vegetated or nonvegetated surfaces, terrestrial or aquatic/flooded, cultivated/managed or natural/semi-natural) and by four main attributes (life-form, fractional cover, leaf type and phenology).
The dual nature of the GLC2000 products, i.e., the regional maps (5, 6, 7, 8) assembled in a global synthesis, dictated a validation scheme based on two methods: a confidence-building method (also called quality control and based on a comparison with ancillary data) for the regional maps and a quantitative accuracy assessment based on a sampling of high-resolution sites for the global synthesis.
III. QUALITY CONTROL

A. Objectives
Systematic quality control is imperative because recent global land-cover products, although of good overall quality, exhibit in some areas major errors that could be avoided by a careful review of the draft products. Such errors reduce the user's overall confidence in the products, even if the quantitative accuracy is high. Errors affecting accuracy of thematic maps can be caused by confusion between the land-cover classes (wrong label, missing classes) or can be spatial errors (wrong position of the boundary between classes, disappearance of small patches).
Systematic quality control is intended to meet two main objectives: the elimination of macroscopic errors and an increase in the overall acceptance of the land cover product by users. This quality control should be integrated into the classification procedure, with the results of the analysis employed for removing errors and improving the map.
Accuracy indices derived from the error matrix provide information on the quality of the map as a whole but cannot be used to characterize distinct areas of the map. Even when global land-cover maps are produced applying the same global algorithm to a homogenous dataset, the quality of the final product is not uniform in all the regions, but instead depends on the quality of observation conditions (cloud coverage, haze, etc.) and ancillary data used to parameterize the classification. In many cases, the land cover map is obtained using a complex classification procedure involving different steps where different algorithms are applied. As a consequence, it is not possible to derive a per-pixel confidence value and it is necessary to evaluate the accuracy of the results using reference data. The systematic quality control is a way of describing the spatial distribution of the macroscopic errors of a land cover classification.
The quality control can be considered as the last step of the map production or as the first level of accuracy assessment. For that reason, the quality control is conducted at the regional level, which is the same geographical scale as the production.
B. Procedure
Qualitative validation is based on a systematic descriptive protocol, in which each cell of the map is visually compared with reference material and its accuracy documented in terms of type of error, landscape pattern and land-cover composition. The grid size is adapted to the characteristics of the landscape, the map, and the reference material. For example, in the heart of the Sahara, the grid cells can be much larger than in the complex landscapes of Western Europe. A cell size of 200 to 400 km is proposed as a target for providing a good idea of the overall quality of a global product, keeping in mind that the goal of this exercise is a quick survey.
Each cell examined during the quality control procedure is characterized in detail by a few parameters: the composition and the spatial pattern of the cell, its comparison with other existing global land cover products, the overall quality of the cell, and the nature of any problems.
The cell composition is a key factor affecting the precision of a map because some land-cover classes (e.g., evergreen forests, deserts, water bodies) are easier to discriminate than others (e.g., deciduous forests or woodlands, grasslands, extensive agriculture). Information on the composition of the cell contributes to a better understanding of the errors and can help to stratify the population to improve the sampling design for the quantitative accuracy assessment. On the other hand, some users focus on specific land-cover classes and will be interested in a spatial representation of the errors for cells dominated by their class of interest.
It is widely recognized that the spatial pattern of the landscape influences the appearance or disappearance of land cover classes at varying resolution [9] and the area estimates derived from coarse resolution maps [10] , [11] . Our quality control procedure allows some explanatory analysis, such as the spatial pattern of a given land-cover class and its associated accuracy.
C. Analysis of the Errors
The analysis of the data systematically recorded in the database allows for a definition of a typology of the errors.
• The delineation of a land-cover feature is accurate, but the label is wrong. In this case, the type of confusion must be specified in order to derive a thematic "distance" between the right and the wrong labels. It is more problematic to classify tropical forests as grasslands than to classify woodlands as savannas.
• The labels present in the cell are correct, but the delineation of the various features is wrong. If this case is the most frequent, it means that the spatial resolution (and eventually the preprocessing steps) precludes any accurate delineation of land-cover features. The first global land-cover products derived from AVHRR suffered from limitations, such as geolocation. The extreme case of this category occurs when no clear structures appear on the map. The land-cover map then corresponds more to a climatic stratification.
• One important land-cover feature is missing in the map or a feature is mapped while it is not present in the field. This is a particular case of combining a wrong label and an inaccurate delineation of the land-cover features. For example, it happens when specific features are derived from erroneous ancillary data, like planned infrastructures never actually built (dams).
D. Results
Asia, Africa, Europe, and Northern Eurasia were systematically examined with this procedure, while Oceania, North, and South America were not due to a lack of partners. Since results can vary from one region to another, we present here Northern Eurasia as a methodological example. A detailed presentation of the four continents would be too long for the objective of this paper.
The regional map of Northern Eurasia [5] contains 25 landcover classes. This map was overlaid by 385 validation cells. We can compute the number of validation cells in which a class is considered as well identified and the number of cells in which it is poorly identified. Because a validation cell may be covered by up to five different classes, the total number of occurrences (1554) is higher than the number of validation cells. Table I identifies the classes with low accuracy in this region: needleleaf forest (18 to 27% of error) and coniferous shrubs (43%). Note that a box is covered by up to five different classes, which explains the high number of occurrences.
The label error is the most common (62), with a very limited number of errors in the definition of the limits (4), and missing classes (2) . The absence of errors in the limit delineation illustrates the remarkable geometrical properties of the VEGETA-TION sensor, which allow for recognition of the landscape pattern even in the composite images. Table II shows the interactions between the spatial pattern and the errors. As expected, most errors are found in heterogeneous landscapes. Fig. 1 illustrates the utility of the quality control for locating the errors on the map. The examination of the spatial distribution of errors in an exhaustive way provides to the user a reliable assessment of the strengths and the caveats of the product.
IV. ACCURACY ASSESSMENT
A. Methods
The accuracy assessment of the GLC2000 map has a number of initial requirements.
1) The assessment should test in priority the main classes of interest of the GLC2000 map, i.e., forests, croplands and wetlands. 2) To provide a global accuracy of the product, sampling units should have a worldwide distribution since different teams have produced the regional products with different accuracies.
3) The landscape complexity has a major impact on the map accuracy (reference) and should be taken into account for the sampling and in the accuracy reporting. 4) For cost/efficiency reasons, the validation is derived from one single sensor dataset, Landsat, and the sampling design is adapted to it. 5) The sampling design should be based on an equal-area projection, since the sampling probability of a pixel should not be biased by its latitude.
6) To gain additional sampling units at low cost, we should include clustered sampling in the design. 7) As much as possible, regional experts should interpret the reference data. Most are independent from the "production" teams. 8) The interpretation key should be flexible and consistent with the rules used during the map production (Di Gregorio and Jansen, 2000). 9) The absolute location error of SPOT VEGETATION is about 300 m, which means that a validation protocol based on the analysis of single pixels can include up to 30% of inaccuracy. A single pixel-based is then too subject to error and we decided on an analysis of pixel blocks of 3 3 km. 1) Sampling Strategy: With all these constraints, we established a two-stage stratified clustered sampling. The stratification was based on the proportion of priority classes and on the landscape complexity. The two-stage clustering was selected for clear advantages of cost [12] and applied on the Landsat World Reference 2 System (WRS-2). The sampling strategy involves the following steps.
1) The WRS-2 grid provides a convenient sampling frame for a sample of Landsat scenes, as it is the case in the current validation. However, at high latitudes, a WRS-2 based sampling becomes very complicated due to the overlap between adjacent scenes that can represent 60% at 60 of latitude. To take into account this issue, Voronoï polygons are computed from the WRS-2 centroids in order to assign each GLC2000 pixel to one and only one scene. The Voronoï polygons are used for the sampling procedure.
2) The proportion of the priority classes (forests, wetlands and croplands) is calculated from the GLC 2000 map in each polygon. The polygon is flagged as "Priority" as soon as one of the three thresholds is satisfied: forests, croplands, wetlands.
3) The complexity of each polygon is estimated by the Shannon index [13], which is a measure of diversity where is the proportion of the landscape in cover type , and is the number of land cover types observed. The larger the value of , the more diverse the landscape. The Shannon index of the GLC2000 cells follows a normal distribution centered on 0.5. The population is then split in two strata around this average value ( and ). 4) Four strata are defined from the two criteria: homogenous landscapes in priority land-cover classes ( ), heterogeneous landscapes in priority land-cover classes ( ), homogenous landscapes in nonpriority land-cover classes ( ) and heterogeneous landscapes in nonpriority land-cover classes ( ), where is the total number of polygons in each stratum. 5) A sample grid of blocks (cells of 1800 by 1200 km) is overlaid on the GLC2000 map reprojected in an equal-area projection. In each block, six fixed points are selected at a distance of 600 km in the two directions Fig. 2 . Four strata are defined with high to low sampling probabilities. The sampling rate is as follows: 6/6 (gray), 4/6 (medium gray), 3/6 (light gray), and 2/6 (white). The grid of the Voronoï polygons is generated for the globe with equal numbers of each stratum randomly assigned to the polygons. To achieve the sampling rates, a network of points 600 km apart strung over the grid, with each point being randomly assigned a number from 1 to 6. A polygon is selected if the number assigned to it is 1 or 2 for the low strata; 1, 2, or 3 for the medium low; 1, 2, 3, or 4 for the medium high strata; and 1, 2, 3, 4, 5, or 6 for the high strata. Hence, in Fig. 3 , the point assigned number 4 that falls on the white strata is not selected. Whereas the point 5 that falls on the dark gray strata is selected. Fig. 3 . Distribution of the Primary Sampling Units. (Fig. 2) . This distance was determined by the target sample size, which is defined by the budget available for the validation. This grid is crossed with the stratification and a number of replicates retained in each block is defined by stratum, with the highest sampling rate in the complex landscapes covered by priority classes (all the replicates are selected) and a minimum in the homogenous landscapes covered by nonpriority classes (2/6 replicates are selected). Through this procedure, also called systematic sampling on an irregular stratification with different sampling rates for each stratum [14], we extract 253 Primary Sampling Units (PSU), with the following distribution by stratum: homogenous landscapes in priority land-cover classes ( ), heterogeneous landscapes in priority land-cover classes ( ), homogenous landscapes in nonpriority land-cover classes ( ) and heterogeneous landscapes in nonpriority land-cover classes ( ). Although the sampling was based on the Voronoï polygons, we use for efficiency reasons the full Landsat scenes during the validation and not only the Voronoï polygons (Fig. 3) . That means that pixels present in the overlap area are sampled with higher probabilities than pixels in nonoverlap areas because they could possibly be selected from several different Landsat scenes. However, no significant differences have been found between overlap and nonoverlap areas, and, therefore, this local perturbation in the geographic distribution of sampling probability will have a minimal effect on the ultimate results. If we consider the orbital paths as a systematic sample with a random starting point, independent of the land cover, the final sampling probability is nearly constant within each stratum where and are the area and sample size (first stage) in stratum , km is the area of each SSU and is the number of SSU sampled in each SSU. has a slight perturbation in the boundaries between strata. 6) For each Landsat scene, we extract five boxes of 3 3 km, the Secondary Sampling Units (SSU), at the centre of the Landsat scene and at each corner of a rectangle of 100 100 km centered on this first box. The procedure avoids sample units (boxes) too close to each other, reducing the impact of spatial autocorrelation and improving the precision of the accuracy estimates. Boxes were chosen for the interpretation in order to reduce the misregistration impact. In total, 1,265 SSU are interpreted.
2) Reference Data:
The GLC2000 validation profited from the Landsat dataset for the year 2000 sponsored by NASA [15] . These Landsat scenes were orthorectified with a nominal accuracy of 50 meters. Data were downloaded from the Global Land Cover Facility (http://glcf.umiacs.umd.edu/index.shtml) or provided by the U.S. Geological Survey. Landsat channels 3, 4, 5, and 7 are used during the interpretation process. For each scene, a quick-look is created at 142.5-m spatial resolution and the SSU are extracted at full resolution. Regional interpreters used ancillary data like aerial photographs, thematic maps and NDVI profiles at coarse resolution in support to the Landsat interpretation.
3) Interpretation of the Reference Material:
The analysis of each SSU is done by one partner with ecological knowledge of the local situation and expertise in fine resolution data interpretation. Within one continent, only a few teams were involved in the procedure for keeping the consistency of the interpretations.
A key challenge of the interpretation protocol is to respect the logic used during the classification scheme, i.e., a scheme based on objective classifiers that could be aggregated at different levels.
Each 3 3 km box is interpreted according to a series of classifiers describing the basic parameters of the landscape (vegetated/nonvegetated, natural/artificial, dominant layer), the water conditions (regime, seasonality, quality), detailing the tree, shrub and grass layers (cover, height, leaf type, and phenology). Some indications are also given on the reference material used for supporting the interpretation. When the box is covered by many spatially distinct land-cover classes, the two largest classes are described with the fraction of the box covered by each type. A simple interface was developed for storing the interpretations in a database. Table III details the different fields used for the characterization of the blocks.
Finally, each box is translated to the GLC2000 legend to measure the accuracy of this specific product. This translation was made easy by the fact that the classifiers were defined using the GLC2000 classification scheme. 
B. Preliminary Results
The analysis of the interpretations is undertaken using a series of tests, designed both to evaluate the validity of the GLC 2000 map and to understand better possible causes and the magnitude of disagreement. The use of pixel boxes as Secondary Sampling Units, although useful for mitigating for the misregistration effects, made the statistical analysis of the interpretations difficult. Indeed, each box can be covered in the GLC2000 map and in the Landsat interpretation by many land-cover classes. Therefore, we first present the heterogeneity of the blocks. Then, we examine the classical confusion matrix and present an adaptation of the confusion matrix to take into account class similarities both from the producer and from the user point of view.
1) Analysis of Heterogeneity:
Due to the different spatial resolutions of the two data sets, we can expect to find many cases in which the reference data have more than one class compared to the map data. We can reasonably expect in the case of a correct classification that a composite class in the map data (e.g., mosaic of forest and agriculture) would correspond to two classes in the reference data. We, therefore, examined the number of reference sites that contain single and multiple classes and compare these to our map data so as to give an idea as to the magnitude of this problem and what its effect is on the overall classification accuracy.
From the proportion of the box covered by the dominant landcover, we can define four situations (Fig. 4) .
1) The main land-cover class of each sample (GLC 2000 map and Landsat interpretation) covers more than 80% of the box. The cell is then considered as homogenous and is processed as a single point. It represents 544 boxes on a total of 1178, with 300 boxes purely covered by one class in the two populations. 2) The box is covered at 80% by one land-cover class in the GLC 2000 map, but by two classes in the Landsat interpretation. It means that the map overestimates the proportion of this land-cover class, even in case of correct classification (commission error). 301 boxes are in this case, with 196 covered at 100% by one class.
3) The box is covered by more than one land-cover class in the GLC 2000 map, but by one class in the Landsat interpretation. It means that the map underestimates the proportion of this land-cover class, even in the case of correct classification (omission error). 146 boxes are in this case, with 83 covered at 100% by one class. 4) The box is covered by more than one land-cover class in the GLC 2000 map and in the Landsat interpretation. This more complex situation is present in 196 blocks. The only way to measure the map accuracy in this case is to work with fuzzy logic [16] . As a first conclusion, we can say that dataset is very homogeneous. About 50% of the population is dominated by one land-cover class in both datasets. At the opposite, the situation mixing different land-cover types in both datasets represents less than 20% of the population.
2) Classical Accuracy Metrics:
We produced a confusion matrix [17] for the 21 land cover classes so as to obtain a first measure of overall, the user's and the producer's accuracies. At this stage, we just give a flavor of the accuracy, taking into account only the 544 blocks dominated by one land-cover class at least 80%. Table VI details the classical confusion matrix and the user's and producer's accuracy.
We have used a two-stage systematic sampling plan slightly modified to take into account the geometry of Landsat TM frames. Systematic sampling is generally more efficient than random sampling, but there are no unbiased estimators for the variance under systematic sampling. We have used classical formulae for two-stage random sampling [18, Ch. 10] , that over-estimate the variance. Therefore, we give pessimistic values for the standard error, although estimators with a smaller bias are possible [19] .
For the global accuracy where is the average proportion of pixels correctly classified in stratum , is the proportion of pixels correctly classified in PSU ,, is the number of PSU sampled in the stratum, is the average number of boxes sampled in each PSU, and and are the sampling fractions in the first and second sampling stages, and and are the areas for each stratum and the total area. We obtain a standard error for the accuracy of 2.6%. This gives a (conservative) 95% confidence interval of for the overall accuracy. The overall GLC2000 (21 classes) accuracy is similar to the IGBP DISCover (17 classes) [20] . We must recognize that the results expected for the other blocks (with no dominant land cover) should be less favorable. Their analysis is still on-going through methods derived from the fuzzy logic.
3) Adjusted Accuracy Matrices-The Producers Perspective: The heterogeneity analysis leads us to present a set of adjusted accuracy matrices, where we take into account class similarities both from the producer's point of view and from the user's point of view. These new matrices aim to quantify the magnitude of the error from different perspectives. In the classical confusion matrix a misclassification of a desert area as an evergreen forest has the same impact as classifying a semi-deciduous forest as an evergreen forest. From both a producer and a user's point of view, we need to present a matrix where misclassifications between similar classes are weighted lower than misclassifications between dissimilar classes. On what basis do we measure "similarity" then?
From the producer's point of view, two related parameters influence the separability between classes: the spectral separability in the dataset and the confusion in the legend definition. As many different regional classification techniques were used during the map production [3] , it is not possible to measure globally the spectral separability. For estimating thematic similarity from the legend point of view, we measured the proximity between classes in the different LCCS classifiers. LCCS scheme combines two classifying phases, one dichotomous at three levels (i.e., a choice between two options-vegetated OR nonvegetated, artificial OR natural, aquatic OR terrestrial) and the other four based on attributes: life form (trees, shrubs, grasses, bare soil), phenology (evergreen, deciduous, mixed), leaf type (broadleaf, needleleaf, mixed), and vegetation cover (dense, open, sparse, bare). For each of the seven classifiers we developed a similarity matrix showing the correspondence between class pairs from 0 to 1. For example, the distance of "Tree cover broadleaved evergreen" in terms of phenology is 1 with "Tree cover broadleaved deciduous" and 0.5 with "Tree cover Mixed." The overall similarity is the combination of the seven parameters, ideally with the same weight given to the dichotomous phase and to the attribute-based phase for strictly respecting the LCCS approach. However, some classifiers can be highly correlated, like vegetal versus nonvegetal and the life form. Many land-cover classes are characterized by the same dichotomous classifiers and distinct by only one attribute, their overall similarity is then very high and it artificially augments the resulting map accuracy. For example, 11 classes covering 61% of the land belong to one single category defined during the dichotomous phase (vegetal, natural, terrestrial) , that means that the numerical distance between these classes will reflect only the differences in the attributes (four classifiers on seven). For accounting for this artifact, we also calculated a similarity matrix with the four factors giving the best separability, i.e., aquatic/terrestrial, life form, phenology and leaf type. Table IV shows the similarity matrices with the two methods. The resultant matrix is now applied to the original confusion matrix by removing the errors due to thematic proximity in the legend definition, and by adding the similarities to the diagonal of the matrix. If we call the confusion matrix, the global accuracy can be written where if if is the "sharp" thematic distance.
If is substituted by the fuzzy thematic distance given in Table IV , we get the fuzzy global accuracy
In Table VII , we show the example of the confusion matrix adjusted by the similarity matrix computed from the four factors giving the best separability. The overall accuracy is now 90.3% between the 21 classes, with a very drastic improvement for the accuracy of the mosaic classes, and 92.6% with the similarity matrix weighting in the same way the dichotomous phase and the attribute-based phase. A similar approach was developed for the IGBP DISCover dataset, calculating the similarity of land-cover classes according to their Leaf Area Index and Surface Roughness properties. In this case, the overall accuracy increased by 10% to 13% [21] .
4) Adjusted Accuracy Matrices-The Users Perspective:
A number of different user perspectives can be envisaged for a global land cover database. Requirements for climate studies, biodiversity, land-cover change, carbon accounting may all have different requirements. Here, we present one example representing the needs of the climate change community for measuring land cover change in the tropics, a major uncertainty in IPCC calculations [22] . The classification relates to deforestation in the tropics (TREES project) [23] . The user requirements are to be able to establish changes between closed forests, open forests, mosaics, and nonforest classes. These categories in turn enable a measure of deforestation, degradation, and regrowth. While it is obvious that the reduction in classes will radically improve any accuracy measure, it must be remembered that this is not an accounting trick but reflects the real value of the classification to a particular set of users.
V. DISCUSSION AND CONCLUSIONS
• The two approaches (quality control and statistical accuracy assessment) are totally complementary. They do not evaluate the same products (regional on the one hand and global on the other hand) and provide different information (contextual and qualitative versus statistical). The classical accuracy assessment based on a sample of reference data gives a quantitative figure of the map accuracy, while the wall-to-wall quality control provides more exhaustive information on the nature of errors, their location and their relationship with the spatial pattern.
• As the secondary sampling units are interpreted according to classifiers and not according to a predefined classification, the validation dataset can be used for validating other products using a translation scheme adapted to this map. As long as the sampling probability of each sampling unit is known, we can recycle the sampling design for this specific map.
• The validation protocol is supposed to measure the accuracy of a map, but this protocol it self suffers from different types of errors. First, the interpretation of the validation samples although provided by regional experts can be wrong, especially in the case of fragmented and seasonal landscapes, where one image may not be sufficient to catch the correct land-cover type. A confidence flag given to each box could be an improvement. Secondly, the interpreter describes the box according the LCCS classifiers. These classifiers must be then translated to the GLC2000 legend, but conflicts between contradictory classifiers appear during this translation. Finally, when a box is composed by many land-cover classes, a decision is taken by the analyst to affect the box to one single value from the different values. Here again, some cases can provoke conflicts.
• The interpretation phase of the validation procedure can be definitely improved. In particular, the confusion between the thematic mixing and cartographic mixing within the box is not explained during the procedure and could be taken into account by a description of the spatial pattern in the Landsat box.
• Following IGBP DISCover and TREES, this is the third time that a global land-cover product has been validated according to a statistically designed method. The main innovation consists of the systematic quality control developed for evaluating the regional products. This approach was announced by [24] . Another innovation is the systematic use of user-oriented accuracy metrics, as suggested by [25] . A complete presentation of the results will be soon available. In the early 1990s, he worked for three years in field projects in Africa. He has worked for over 15 years in land cover mapping and tropical ecosystem monitoring from satellite imagery. He coordinated the African TREES project's activities, produced the Global Land Cover 2000 Map of Africa and Australia and is involved in many projects dealing with biodiversity and land-cover changes, in particular, in Central Africa. His research focused also on the scaling issues in remote sensing and on validation of regional to global scale land-cover products.
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